The relationship between idiosyncratic risk and stock returns has been widely studied in various international publications with controversial results. In the Brazilian context, studies on this subject are scarce. This study seeks to verify the relationship between idiosyncratic risk and stock returns in the Brazilian stock market. To achieve this goal, two methods were used to estimate idiosyncratic volatility: first, the residuals of regressions based on the Fama and French Three-Factor Model and second, the EGARCH model, which provided the conditional volatility. These variables were added to cross-section regression models, along with the following stock-specific variables: beta, market value, book-to-market ratio, momentum effect and liquidity. The results show that idiosyncratic volatility has a positive and significant influence on stock returns and that the most appropriate model is the one that includes all the mentioned variables. The analysis of the other variables also produced important results. Contrary to expectations, the market value of stocks and liquidity had an important influence on returns. These variables' coefficients were positive in all the analyzed models. This result may reflect the particularities of the Brazilian market, which is smaller, more recent and less consolidated than the USA stock market. On the other hand, the results relating to the book-to-market ratio and the momentum effect were consistent with the literature. Value stocks and those with a good past performance tended to produce higher returns.
InTRoduCTIon
The behavior of asset prices in financial markets has always attracted the curiosity of investors and academics and has been an important subject of study for various decades. The Capital Asset Pricing Model (CAPM), one of the central models of the Theory of Asset Pricing, pioneered the description of the relationship between risk and return. Developed by Sharpe (1964) and Lintner (1965) , it related an asset's expected return to systemic risk.
The CAPM has generated various models that seek to investigate the relationship between the risks and returns of assets, many of which, including the ICAPM (Merton, 1973) and the D-CAPM (Estrada, 2002) , are extensions of the CAPM itself. Some studies have confirmed the positive relationship between these two variables in the stock markets of more consolidated markets, such as the USA, as well as those of emerging markets. Special mention should be made of the study by Fama and MacBeth (1973) , which performed an analysis on a large sample of portfolios and found a positive relationship between their betas and returns during a subsequent period.
However, one of the most significant results in this area was found by Fama and French (1992) . Their study showed that stock returns are insensitive to betas, which is the measure of risk adopted by the CAPM. In addition, Fama and French (1992) contributed to the study of asset pricing by also analyzing fundamental variables that had already been examined in previous studies, such as those by Banz (1981) and Stattman (1980) .
In Brazil, studies that seek to analyze the relationship between asset returns and factors such as risk and other fundamental variables, or idiosyncratic volatility patterns, are also common, though much smaller in number. Examples include the studies of Malaga and Securato (2004) , Galdi and Securato (2007) , Ricca (2010) and Martin, Cia, and Kayo (2010) . This study's aim is to investigate, in the context of the Brazilian stock market, the relationship between a stock's return and its idiosyncratic risk, which is the portion of risk that is specific to that particular stock. The study thus estimates the idiosyncratic volatilities and conditional idiosyncratic volatilities of the stocks in the sample using Fu's (2009) methodology. These variables are then added to the cross-section regression models that were created to analyze their influence on returns.
This study complements other Brazilian studies in that it uses a methodology that has not yet been applied in a Brazilian context to assess the conditional idiosyncratic volatility of the Brazilian stock market and then tests its influence on stock returns and other variables. This is performed by modeling idiosyncratic volatility as a Generalized Autoregressive Conditional Heteroskedasticity GARCH Process in addition to the standard procedure of using the residuals of the Fama and French Three-Factor Model.
Other explanatory variables, selected according to their importance in financial theory, are also included in these models. They are as follows: beta; two variables analyzed in the two Fama and French studies (Fama & French, 1992 -market value and book-to-market ratio; and two variables -liquidity and the momentum effect -that have recently increased in importance. This study's aim is to analyze the influence of these variables on returns, controlling for the effects of idiosyncratic volatility, and to verify whether their behavior is in accordance with the literature.
This study is relevant because the volatility of the Brazilian capital market has substantially increased in recent years. The volatility of the BOVESPA Index rose from 16.80% for the period from July 2010 to July 2011 to 27.60% for the period from July 2011 to July 2012 (Comdinheiro, 2012) . It is therefore important to understand the implications of higher volatility on stock returns in the Brazilian capital markets.
This study is also of interest to practitioners because idiosyncratic risk affects portfolio management decisions. Holding everything else equal, an increase in idiosyncratic risk lowers the correlation between stock returns (Angelidis, 2010) . For example, Campbell, Lettau, Malkiel, and Xu (2001) show that, before 1985, 20 stocks were necessary to reduce the excess standard deviation to 10%, but it was only possible to achieve this level of risk with a portfolio of 50 stocks during the 1990s. Kearney and Poti (2008) reached a similar conclusion, reporting that 166 European stocks were needed to reduce idiosyncratic risk in 2003, compared to 35 stocks in 1974. Following the introduction, the next section performs a review of the relevant literature related to asset pricing studies and, more specifically, to idiosyncratic risk. The third section describes all the research steps, covering sample selection, variable estimation and methodology. The fourth section presents the study's main findings and summarizes the estimated models, ending with the study's conclusions.
LITeRATuRe RevIew
The behavior of stock returns, mainly in older and more consolidated stock markets such as those in the USA, has been studied for a long time.
The well-known Capital Asset Pricing Model (CAPM) proposed by Sharpe (1964) and Lintner (1965) , is widely used to determine an asset's theoretical returns. Various studies have attempted to complement the CAPM or to question its validity. Banz (1981) was an important work that analyzed the relation between returns and firms' market values. The author discovered the so-called size effect in stocks traded on the New York Stock Exchange, in which the performance of the stocks of smaller firms is superior to that of larger firms. According to Banz (1981) , the size effect represents a failure of the CAPM specification because, for a specific beta, the average return of a stock with a lower market value is superior to that of a stock with a higher market value.
In addition, Banz (1981) served as the basis for other important and fundamental studies: Fama and French (1992) , followed by Fama and French (1993) , which developed their Three-Factor Model. Fama and French (1993) investigated the main risk factors associated with stock returns. Their model uses the following factors: market returns; the returns of a small minus big (SMB) variable, calculated as the average returns of small firm stock portfolios minus the average returns of large firm stock portfolios; and a high minus low (HML) variable, calculated as the difference in the returns of portfolios formed by firms with high and low book-to-market ratios. Fama and French (1993) conclude that the Three-Factor Model is superior to the CAPM in explaining average returns and that the model's three coefficients are simultaneously significant.
In relation to studies that focus on the Brazilian stock market, special attention should be paid to Malaga and Securato (2004) , which is an application of Fama and French's Three-Factor Model. Their research covered the period from 1995 to 2003. Malaga and Securato (2004) concluded that the model is superior to the CAPM in explaining the returns of stocks in the sample and that the three factors are significant.
Costa Jr. and Neves (2000) also applied a similar model to Brazilian stock returns. The analyzed variables were the beta and three fundamental variables: market value, priceearnings ratio and book-to-market value. The study examined the period from 1987 to 1996. Costa Jr. and Neves (2000) also found that the three fundamental factors had a significant influence in explaining stocks' average returns. Beta, however, was the most important factor in explaining the risk-return relationship.
Idiosyncratic risk has also been the subject of studies. Modern finance affirms that investors hold diversified stock portfolios to reduce idiosyncratic risk, which is a stock's specific risk. According to the CAPM, all investors should have a balanced market portfolio to eliminate all of the stock market's idiosyncratic risk. However, in practice, neither individual nor institutional investors hold such diversified portfolios and thus, some idiosyncratic risk is priced into their portfolios (Fu, 2009) .
Various theories assume that idiosyncratic risk is positively correlated with stocks' expected returns. The idea behind this assumption is that investors who do not diversify their investments demand an additional return in order to bear the risk of their portfolios. The main exponents of these theories are Levy (1978) , Merton (1973) , and Malkiel and Xu (2002) .
The empirical existence of a relationship between idiosyncratic risk and expected returns has been tested for a considerable amount of time. However, as highlighted in Fu and Schutte (2010) , articles that find a positive relationship between these variables are almost equal in number to those that find no relation, or even a negative one. For example, Goyal and Santa-Clara (2003) , who found evidence that market variance does not predict returns, should be highlighted. However, they found a positive and significant relationship between average stock variance, whose greatest component is idiosyncratic risk, and market returns. Goyal and Santa-Clara (2003) used a portfolio of stocks traded on the New York Stock Exchange (NYSE), American Stock Exchange (AMEX) and Nasdaq exchanges between August 1963 and December 1999. Malkiel and Xu (2002) also found a positive relationship between idiosyncratic volatility and the cross-section of expected returns using the tests developed in Fama and Macbeth (1973) and Fama and French (1992) . Malkiel and Xu (2002) arrived at the conclusion that idiosyncratic risk is more important than firm size, or beta, in explaining the cross-section of returns. Factors such as firm size, book-tomarket ratio and liquidity were used as control variables in the cross-section regressions. The data covered stocks traded on the NYSE, AMEX and Nasdaq exchanges, as well as stocks traded on the Tokyo Stock Exchange (TSE), during the period from 1975 to 2000. Kotiaho (2010) performed a similar study using stocks traded on the NYSE, AMEX and Nasdaq exchanges during the period from 1971 to 2008 and found a positive relation between stocks' idiosyncratic risks and expected returns, which was mainly due to the behavior of small-company stocks.
In contrast, other authors found no relation, or even a negative one, between stocks' specific risk components and expected returns. Ang, Hodrick, Xing, and Zhang (2009) used data from 23 countries and concluded that high idiosyncratic volatility stocks generate lower future returns than low idiosyncratic volatility stocks. A previous article (Ang, Hodrick, Xing, & Zhang, 2006) showed a negative relation between a stock's monthly returns and its 1-month lagged idiosyncratic risk.
However, these conclusions are contested in Fu (2009) , who contends that Ang et al. 's (2009) result was influenced by the stocks of smaller high idiosyncratic volatility firms. Fu (2009) replicated the method used in Ang et al. (2006) to estimate idiosyncratic volatility. The statistics of the series show, however, that idiosyncratic risk varies over time and its 1-month lagged value is therefore not a good proxy for the current month's expected risk. Thus, Fu (2009) proposes the use of the EGARCH model to estimate expected idiosyncratic volatility and this variable is included in the cross-section regressions along with other explanatory variables. The data covered the period from July 1963 to December 2006 for stocks traded on the NYSE, AMEX and Nasdaq exchanges. The results show a positive and statistically significant relation. Bali and Cakici (2006) found no relation between an equally weighted stock portfolio's returns and its idiosyncratic risk Huang, Liu, Rhee, and Zhang (2010) Angelidis (2010) investigates volatility's idiosyncratic component in 24 emerging countries. The study confirms the idea that the percentage of volatility that can be attributed to an asset's specific risk is lower in emerging markets than in developed markets, given the latter's greater efficiency. Angelidis (2010) also tested the relation between idiosyncratic risk and returns in these countries and the results show that idiosyncratic risk is a predictor of returns only when considered along with market risk.
In the case of the Brazilian market, some studies have already analyzed idiosyncratic risk. Galdi and Securato (2007) studied the question of whether idiosyncratic risk helps explain a diversified asset portfolio's returns in the Brazilian stock market. This article used the main fifteen stocks of the BOVESPA Index and covered the period from 1999 to 2006. To estimate the portfolio's specific risk, Galdi and Securato (2007) isolated the idiosyncratic component of the portfolio's return variance by removing the variance associated with systemic risk. They concluded that there was no empirical evidence to support that idiosyncratic risk influences a diversified portfolio's return in Brazil. Martin, Cia, and Kayo (2010) analyzed the determinants of idiosyncratic risk in Brazil from 1996 to 2009. To study stock volatility relative to the market, the authors used two proxies for idiosyncratic risk. In their first model, the dependent variable was the relation between the volatilities of a stock and the market, which was represented by the BOVESPA Index In the second model, idiosyncratic risk was defined as the relation between a stock's idiosyncratic volatility, which is the component of a firm's total risk not correlated to the market, and the market's volatility. The authors found a statistically significant positive influence of a firm's liquidity and indebtedness and a negative influence of a firm's size on idiosyncratic risk as measured by the two proxies. Ricca (2010) studied the relation between idiosyncratic volatility, idiosyncratic skewness and stock returns in Brazil over the period from 1998 to 2009. Both indicators of idiosyncratic risk were constructed based on the regression residuals by applying the Fama and French Three-Factor Model for the sixty-nine most liquid shares traded on the BM&FBOVESPA Stock Exchange. Whereas idiosyncratic volatility was based on the square root of the mean square residuals, idiosyncratic skewness was constructed as the sum of the residuals raised to the third power, divided by the idiosyncratic volatility raised to the third power. The author concluded that idiosyncratic volatility was higher for those portfolios with higher idiosyncratic asymmetry. Furthermore, the portfolio with the highest idiosyncratic volatility and idiosyncratic asymmetry also exhibited higher returns than the one with the lowest volatility and asymmetry.
MeThodoLogy
The sample considered in this study covered 58 stocks traded on the BOVESPA (Bolsa de Valores de São Paulo) between July 2005 and December 2010. This sample included all the stocks traded during this period, following the criterion employed by Fu (2009) , which requires that each stock be traded for a minimum of 15 days during each month of the sample period. For the sake of convenience, the research considered only those shares that were present in all months of the sample period. In addition, following other studies that adopted the Fama and French model (Fama & French, 1993) , such as Malaga and Securato (2004) and Rogers and Securato (2009) , the research excluded financial firm stocks from the sample as they are usually highly leveraged -as is the norm in this sector -which affects the book-to-market ratio. Furthermore, in accordance with these studies' methodologies, the present research excluded firms that had negative shareholder equity on the 31st of December of at least one of the years between 2004 and 2009.
In the first part of this study, the idiosyncratic volatilities (IV) of each stock in each month were calculated using the standard deviations of the monthly regression residuals of each stock, based on the three Fama and French factors, as undertaken in Fu (2009) for the USA stock market. According to the Fama and French model (1993) , three factors explain asset returns: excess market returns (market portfolio returns minus risk-free asset returns), the return on a small minus big (SMB) portfolio and the return on a high minus low (HML) portfolio.
The model was applied following Fu's (2009) methodology, which used stocks' daily data during the entire sample period. The study used Fama and French's Three-Factor Model, expressed by Equation (1): R iτ -r τ =α it +b it (R mτ -r τ )+s it SMB τ +h it HML τ +ε iτ 1 where τ indicates the day and t indicates the month, τ t, R iτ represents the return of each share on each day, r τ represents the daily risk-free rate, R mτ is the daily return on the market portfolio, SMB τ and HML τ represent the daily returns on the SMB and HML portfolios and b it , s it and h it are the coefficients related to each factor. The study used the CDI (Brazilian Interbank Deposit Certificate rate) as the risk-free rate of return and all return variables were calculated continuously.
The market portfolio was obtained by weighting each of the 58 stocks in the sample according to their market values, following Malaga and Securato (2004) . The excess market return (the first factor of the model) was calculated on a daily basis using the difference between the return on the market portfolio and the CDI rate. Fama and French's (1993) methodology was used to obtain the SMB and HML factor risk premiums. Finally, the daily return of each stock in the sample, that is, its return minus the risk-free rate, was chosen as the dependent variable.
Regressions were performed on time series for each stock in each month of the sample (66 months), in accordance with Equation (1), in order to obtain each stock's residual standard deviation. The monthly idiosyncratic volatility was found by multiplying the standard deviation of the residuals by the square root of the number of days on which each share was traded in each month. It should be highlighted that only this part of the study used daily data to calculate monthly volatility. Table 1 shows the individual idiosyncratic volatility statistics (average, standard deviation, asymmetry, kurtosis and auto-correlation). The statistics of the time series of each share's idiosyncratic volatility were first computed and then the averages for all 58 stocks were calculated. The two considered variables were the idiosyncratic volatility (IV) and its continuous-time variation (ln(IV t /IV t-1 )).
The stocks' average idiosyncratic volatility was 7.54%, with an average standard deviation of 2.92%.
The lower part of Table 1 shows the variables' auto-correlations. The aim is to ascertain whether the idiosyncratic volatility time series can be considered a random walk as verified in Ang et al. (2006) . If this is true, it means that it is valid to use the idiosyncratic volatility value in a given month to estimate the value in the following month. In this case, the auto-correlation of the level variable should be equal to one in the first lag. Otherwise, it should be equal to zero in all lags of the first difference (ln(IV t /IV t-1 )). For level volatility (IV), the lag-1 auto-correlation is 0.40 and diminishes as more lags are considered. In the case of first difference volatility (ln(IV t /IV t-1 )), the lag-1 autocorrelation is -0.63, followed by 0.13, while the others approach zero. These results are similar to those found by Fu (2009) for the USA stock market.
Thus, the auto-correlations suggest that the IV variable does not follow a random walk. To more robustly test whether the series follows a random walk, it is necessary to perform the unit root test (Dickey-Fuller test), as described in Table 2 . Table 2 uses the unit root test to verify whether the idiosyncratic volatility of the stocks in the sample follow a random walk. The research estimated two models, Model 1 and Model 2:
Model 2: lnIV i,t+1 -lnIV i,t = α i + β i lnIV i,t + ε i , i = 1, 2, …, N, t = 1, 2, …, T i 2b Model 1 is described by IV in difference level (IV i,t+1 -IV i,t ), while Model 2 is described by its continuous-time difference (lnIV i,t+1 -lnIV i,t ). As the time series at issue is a random walk, the regression's beta-parameter should not be significantly different from zero. Thus, the t-statistics of each beta are estimated for each regression and then compared with Dickey-Fuller's critical values (Fuller, 1996) . Table 2 Random walk test for the idiosyncratic volatility (VI) series Table 2 shows the averages and medians, as well as quartiles 1 and 3, of the beta obtained for each of the 58 stocks in the sample. The "R.W. rej. %" column shows the percentage of shares for which the random walk hypothesis was rejected in each model at a significance level of 1%: 100% in the first model and 98% in the second. This demonstrates that it is not appropriate to represent this variable as a random walk.
The next step is to analyze the Autoregressive Conditionally Heteroscedastic (ARCH) models that will also be used in the modeling of IV in this study. First of all, these models do not assume constant error variance; that is, they are heteroscedastic models. The second characteristic is related to the phenomenon known as volatility clustering, which represents the tendency, in financial series, of large variations in asset prices (positive or negative) to be followed by large variations, and small variations in asset prices (positive or negative) to be followed by small variations (Brooks, 2008) . In other words, volatility tends to be auto-correlated to some extent.
These two characteristics are present in the ARCH model because of the way conditional variance is modeled, where the error variance of the hypothetical regression is considered to be dependent on the lagged squared errors. The generalized ARCH (GARCH) model, developed by Bollerslev (1986) , is an extension of the ARCH model. In the GARCH model, conditional variance may depend on its own lags in addition to lagged error, so the model allows information on past squared errors to influence current variation without having to include multiple parameters. An example of the GARCH (p,q) model can be observed in Equation where u t and σ t 2 are the regression's errors and error variance, respectively.
However, although widely used in financial series, the model presented above is not without criticism. Parameter non-negativity conditions, in the case of conditional variance, may still not be observed, thus generating negative variances. In addition, the model does not correct the so-called leverage effect that is very common in financial series. The leverage effect refers to the fact that negative shocks have a greater effect on volatility than positive shocks; that is, they generate a greater increase in volatility. According to the GARCH model, positive and negative shocks affect variance in the same way.
Finally, the exponential GARCH (EGARCH) model proposed by Nelson (1991) , an extension of the GARCH model, should be highlighted. This model has a series of advantages, such as the impossibility of generating negative variances and permitting the existence of asymmetries in the model (leverage effect). The EGARCH (p,q) model, in general terms, can be written as follows:
In Equation (4), because the logarithm of variance is specified, σt 2 will be positive even if the model's parameters are negative.
Due to its properties, which are perfectly suited to modeling volatility in financial series, the EGARCH model was used in this study as an alternative way of estimating idiosyncratic volatility. Because it provides a conditional variance series for each estimated model, the EGARCH model is useful as a way of estimating expected idiosyncratic volatility (Fu, 2009) .
The second method used to calculate the idiosyncratic volatility of the shares in the sample was thus constituted by the EGARCH model described above. Fama and French's (1993) Three-Factor Model was used once again, this time using monthly data. A regression was estimated for each stock, covering the entire sample period. Equation (5) was the regression used in this stage: R it -r t =α i +b i (R mt -r t )+s i SMB t +h i HML t + u it , ut ~ N(0,σ it
The dependent variable (R it -r t ) is the excess monthly return of each stock, or its monthly return after deducting the Brazilian CDI rate. The R mt -r t variable represents the excess market return. The monthly market return was calculated by weighting individual monthly returns according to each stock's market value. The SMB and HML variables followed the same methodology described above. All returns were calculated continuously.
The regressions were performed using the EGARCH method. Following Fu' s (2009) method, nine EGARCH(p,q) models were estimated for each stock: EGARCH(1,1), EGARCH(1,2), EGARCH(1,3), EGARCH(2,1), EGARCH(2,2), EGARCH(2,3), EGARCH(3,1), EGARCH(3,2) and EGARCH(3,3). Among the models that converged, the one with the lowest Akaike (AIC) criterion was selected for each stock.
In the sample of shares used in this study, EGARCH (2,2), which was selected for 13 of the 58 stocks, was the most common model, followed by EGARCH(3,1), which was used in 10 cases.
Finally, the individual conditional variance series were obtained according to the adopted model. The square root was removed from the obtained values to make them equivalent to the idiosyncratic volatility values calculated using the first method (standard deviation of the monthly regression residuals, according to the Fama and French model). Thus, the new time series correspond to each stock's expected idiosyncratic volatility. This new variable was called E(IV). E(IV)'s descriptive statistics, as well as its respective continuous time variables (ln (E(IV) t /E(IV) t-1 ), are presented in Table 3 . As in the case of Table 1 , the average, standard deviation, asymmetry and kurtosis were computed for each of the 58 stocks in the sample and then the average
of each of these statistics was calculated. The average conditional idiosyncratic volatility of these stocks was 7.11% with a standard deviation of 3.53%.
Finally, to investigate the relation between a stock's returns and its idiosyncratic risk, various cross-section regressions were performed, also using other stock-specific variables, as well as the two previously calculated idiosyncratic volatility variables.
First, the monthly beta for each stock in the sample was estimated during the analyzed period. This was achieved by performing simple monthly linear regressions between the stock's returns and the returns of the market portfolio formed by the stocks in the sample, weighted according to their market values. The monthly returns of the last 60, 36 or 24 months -whichever were available -were used. This variable was called BETA. In addition, a second variable was included as a beta of the stocks. The BETAIBOV variable corresponds to the beta calculated by the Economática® system. The difference is that, in this case, the market portfolio considered is the BOVESPA Index: the Economática® system calculates each stock's beta using simple linear regressions to relate its returns to the returns of the BOVESPA. In this stage, monthly returns of the last 60, 36 or 24 months -whichever were available -were also used.
Following Fu's (2009) methodology, four other variables were included in the cross-section regressions: market value (MV, size), book-to-market ratio, a variable representing momentum and a variable representing liquidity. The MV variable represents the stocks' monthly market value. As observed in Table 4 , this variable is highly asymmetrical; therefore, market value's natural logarithm, represented by ln(MV), was used. The book-to-market ratio, represented by BV/MV, was calculated using Fama and French's (1992) methodology. Each stock's net equity in December of each year was divided by its market value. The series obtained were also asymmetrical (Table 4 ) and thus their natural logarithms (ln(BV/MV)) were used.
The momentum effect, which is often cited in behavioral finance studies, is commonly observed in stock markets all over the world. This effect describes the fact that winning stocks (those that have had a positive performance over a specific time horizon) tend to continue winning and that losing stocks (those that have had a negative performance over a specific time horizon) tend to continue losing. In other words, past returns tend to predict future returns (Jegadeesh & Titman, 1993). Fu's (2009) study, which covers stocks traded in USA stock markets, uses a stock's cumulative return between months t-7 and t-2 as a momentum variable; that is, a five-month formation period. Month t-1 is excluded from the calculation to avoid any influence on month t caused by thin trading or effects of buying and selling spreads. Thus, to represent the momentum effect, the RET(-2;-7) variable is added to the present model. It is calculated through the logarithm of returns between months t-7 and t-2.
Lacerda (2007), however, found a significant momentum effect in the Brazilian stock market using a formation period of three months, which is slightly shorter than the one used in Fu's (2009) model. Thus, because it is more appropriate in the Brazilian case, this study included a second variable to represent the momentum effect in the present model, which considers cumulative returns from month t-5 to month t-2. The new variable is called RET(-2;-5) and is also calculated through the natural logarithm of returns.
As a liquidity variable, the study used a turnover rate constituted by the ratio between the average monthly traded volume and the average market value of each stock during the preceding six months. This variable was called VOL. Additionally, the high asymmetry of the series, as observed in Table 4 , led to the adoption of their natural logarithms (ln(VOL)).
To conclude, the RET variable represents the natural logarithm of each stock's monthly returns (continuous returns) and EXRET represents excess returns; that is, monthly returns after deducting the risk-free rate (CDI), also calculated continuously. All variables are presented in Table  4 , along with their respective descriptive statistics (average, standard deviation, mean, the first and third quartiles and asymmetry). N represents the number of observations in each variable (stock-month). All statistics were calculated using pooled stock samples. Table 5 shows the average of the cross-section correlations between the variables and their respective tstatistics. Correlations between variables were estimated on a monthly basis and the average time was calculated for each case.
ReSuLTS
The correlation between monthly returns and contemporary idiosyncratic volatility (IV) was positive and significant at the 1% level. In fact, this was the only variable that was significantly correlated with returns. The obtained value (+0.11) was very close to that found in the Fu (2009) study on USA shares. However, the correlation with conditional idiosyncratic volatility (E(IV)) was close to zero and not significant, in contrast with the results of the study mentioned above, which once again obtained a positive and significant correlation.
The correlation between idiosyncratic volatility (IV) and conditional idiosyncratic volatility (E(IV)) was positive and significant: +0.33, with a t-statistic of +17,88, a result in line with Fu (2009) . The correlations between volatility variables and the other variables of the study also showed significant coefficients. Idiosyncratic volatility (both IV and E(IV)) was positively correlated with beta, the bookto-market ratio and the liquidity variable, and it was negatively correlated with market value and lagged returns. Stocks with higher betas, lower market values, value stocks (a high BV/MV ratio), stocks with lower lagged returns and stocks with higher turnover ratios tend to be riskier.
Both beta variables showed negative correlations with returns, but they were not significant. Regarding the two main variables analyzed in Fama and French (1992) , market value and book-to-market ratio, the correlations with monthly returns were positive but not significant. The positive correlation obtained between returns and book-tomarket ratio is consistent with the literature.
Table 5
Average of the correlations between variables used in the cross-section regressions (0,77) * significant at the 10% level; ** significant at the 5% level; *** significant at the 1% level
With regard to the momentum variables, both were positively (though not significantly) correlated with returns, which can be explained by behavioral finance theory. However, one may observe that the t-statistic related to RET (-2;-7) (+1.43) was much higher than that of the second momentum variable (+0.63), and the obtained correlation value (+0.04) was double that of the second case (+0.02). These results may be taken as evidence that the periods during which the momentum effect is stronger in Brazil are aligning more with those verified in the USA stock market.
The result of the liquidity variable, represented by ln-VOL, diverged from that found in the literature when its correlation with returns was analyzed. Studies show that less liquid stocks tend to provide greater returns. The result showed a slightly positive correlation between returns and the liquidity index but the t-statistic was not significant at the 10% level.
The last stage of this study comprised the cross-section regressions involving the variables described above. For each month, a cross-section regression was performed between monthly returns (lnRET) and other variables that varied according to the model. Each variable's beta coefficients were estimated on a monthly basis for each model and the monthly average of each coefficient was also calculated. Table 6 summarizes the results obtained for each estimated model.
Model 1 is based on Fama and French (1992) , and examines the three following variables: beta, market value and book-to-market ratio. The variable chosen to represent beta was BETAIBOV because it had shown the most significant results in the correlations described in the previous section. Similarly to Fama and French (1992) , beta was not able to explain the variation in returns and its coefficient was close to zero. Beta's behavior did not change when other variables were included in the model, as will be shown below. Market value, however, showed results that diverged from what was expected. Fama and French (1992) found a negative relation between a firm's market value and the return on its stock. In Model 1, this variable's estimated coefficient was positive but not significant and close to zero. However, this result is in accordance with other studies on the Brazilian market, which found a positive relation between size and returns (Malaga & Securato, 2004) . The results for the book-to-market ratio were in line with Fama and French (1992) and Fu's (2009) findings: although close to zero, the coefficient was significant and slightly positive (+0.004). According to the literature, the stocks of firms with high book-to-market ratios tend to perform better than stocks with a low ratio. Model 2 includes other variables that are widely used to explain returns in studies of this type: momentum and liquidity. The variable chosen to represent momentum was lnRET(-2;-7), which shows cumulative returns from month t-7 to month t-2. This variable was considered more appropriate based on the analysis of the cross-section regressions detailed in Table 5 . The study used the turnover index (lnVOL) to represent liquidity. As can be observed, with the inclusion of these two new variables, ln(BV/MV) was not significant at the 10% level. However, the parameters of the three variables in Model 1 behaved in the same way in Model 2. The momentum variable behaved according to the theory and was in line with Fu (2009) : the coefficient of lnRET(-2;-7) was positive (although not significant). However, the liquidity variable behaved contrary to expectations. The lnVOL coefficient was slightly positive, indicating that more liquid stocks tend to generate greater returns.
In addition to the five variables included in Model 2, Model 3 included idiosyncratic volatility (IV). The significance of all coefficients improved, indicating the importance of IV in explaining stock returns. The coefficients of determination -R 2 and adjusted R 2 -and the F-statistic were higher. The p-value (0,008) associated with the F-statistic was much lower than in Model 2. The IV coefficient (+ 0.439) was positive, high and significant at the 1% level (in fact, the p-value was very close to zero). The BETAIBOV and ln(MV) coefficients were much more significant in this model. The book-to-market ratio and lagged return coefficients continued to be non-significant, but the p-value associated with both fell. The liquidity coefficient also increased: its p-value declined from 0.068 in Model 2 to 0.015 in this model.
The BETAIBOV variable was removed from Model 4. The statistics that determined the regressions robustness -R 2 , adjusted R 2 and F -worsened, showing that the most appropriate model is the complete one that includes all six variables. In Model 4, the p-value of IV remained very close to zero, and its coefficient remained high (+0.396). The behavior of each coefficient did not markedly differ from the previous model, with the exception of the InVOL variable, which lost its significance (the p-value rose from 0.015 in Model 3 to 0.609 in the present model).
In the case of Model 5, the study removed idiosyncratic volatility (IV) and the result was even worse than the previous one. The coefficients of determination, R 2 and adjusted R 2 , and the F-statistics were even lower and the p-value associated with the F-statistic was the highest of the seven analyzed models. However, the behavior of the coefficients remained consistent with the previous models. It can thus be inferred that the two variables that were excluded in this case are important in explaining returns.
Model 6 once again contains all the variables, but idiosyncratic volatility (IV) was replaced by conditional idiosyncratic volatility (E(IV)), which is used in Fu's (2009) cross-section regression models. Compared to Model 3, which is the other complete model, the adjusted R 2 and F-statistics were slightly lower. The E(IV) coefficient, at +0,024, was much lower than the IV coefficient in Model 3 (+ 0.439). E(IV)'s p-value of 0.695 is much greater than the one obtained for the IV variable in models 3 and 4, which shows that, in the Brazilian context, normal idiosyncratic volatility provides a better explanation for returns. In Fu (2009) , both normal and conditional idiosyncratic volatility are significant as explanatory variables for returns.
Removing the BETAIBOV variable from Model 7 did not improve the regressions' significance levels. All coefficients lost significance. E(IV)'s p-value rose even more to 0.913. Some inferences can be made from the results of these seven models. The value of beta was close to zero, as expected. The results for market value were the opposite of those found in USA studies but consistent with the findings of Brazilian studies. Its coefficient was slightly positive in all models indicating that, in the Brazilian context and in the considered sample, larger firms have slightly larger returns. The liquidity variable results were contrary to expectations. According to the literature, less liquid stocks tend to have higher returns. In all the studied models, however, the InVOL parameter was slightly positive. The book-to-market ratio and lagged returns behaved as expected. Value stocks and stocks with a good past performance tend to achieve higher returns.
The study's main finding was that idiosyncratic volatility was significant in explaining stock returns. The coefficients of IV in the regressions in which this variable was included, Models 3 and 4, were +0.439 and + 0.396, respectively, and both were significant at the 1% level. As can be observed, they constitute the models' largest coefficients, showing that IV, amongst those analyzed, was the factor that most influenced stock returns. IV's inclusion in the model increased its explanatory power: the adjusted R 2 coefficient increased from 11.8% in Model 2 to 16.7% in Model 3, while the p-value of the f-statistic fell from 2.0% to 0.8%.
Conditional idiosyncratic volatility, however, did not perform as well and, although it is usually an efficient measure of expected idiosyncratic volatility, it is not as appropriate for the considered sample and period as IV. In the models that included E(IV), (Models 6 and 7), this variable was not significant. The statistics that indicate the model's quality were slightly worse than in the models with IV (Models 3 and 4).
The most appropriate model was the third one, which includes all the explanatory variables (BETAIBOV, ln(MV), ln(BV/MV), lnRET(-2;-7) e lnVOL), as well as idiosyncratic volatility (IV).
ConCLuSIon
This study sought to relate the idiosyncratic risk of stocks traded in the Brazilian stock market to their returns. Idiosyncratic volatility and conditional idiosyncratic volatility were estimated for each stock in the sample during the period from July 2005 to December 2010, following Fu's (2009) methodology.
Cross-section regression models were constructed to verify this relationship. Based on an examination of the financial asset-pricing literature, a series of characteristic stock-related variables were selected and added to the regressions: market value, book-to-market ratio, beta, the momentum effect and liquidity. The inclusion of these variables aimed to analyze their influence on returns and verify whether their behavior was in accordance with the literature's findings. In addition, it was possible to analyze the effect of idiosyncratic volatility in models that included these types of variables.
The two estimated idiosyncratic volatility variablesidiosyncratic volatility and conditional idiosyncratic volatility -were analyzed in separate models. The results obtained by the analysis of the correlations of the variables and the statistics of the estimated models showed that idiosyncratic volatility (IV) was an excellent explanatory factor for returns, whereas conditional idiosyncratic volatility (E(IV)) was, as expected, unable to explain returns.
The analysis of the other variables also produced important results. Contrary to expectations, stock market value and liquidity had an important influence on returns. These variables' coefficients were positive in all the analyzed models. This result may reflect the particularities of the Brazilian market, which is smaller, more recent and less consolidated than the USA stock market.
However, the results relating to the book-to-market ratio and the momentum effect were consistent with the literature. Value stocks and those with a good past performance tended to produce higher returns.
The most appropriate of the analyzed models was the one that included all the employed variables. The statistics and significance of the variables' coefficients showed the best results in Model three, which included normal idiosyncratic volatility and the other five selected variables.
It should be highlighted that studies of this type that focus on the Brazilian market are still scarce. However, more complete studies can be performed with this methodology, using a bigger sample, covering a greater period of time or including new variables in the models.
